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Abstract: We predict Autism Spectrum Disorder (ASD) using machine learning models by analysing behavioural, clinical, and 

genetic data. Algorithms such as Support Vector Machines (SVM), Random Forest, and Deep Neural Networks are evaluated using 

accuracy, precision, recall, and F1-score. The results demonstrate improved diagnostic accuracy, enabling early detection and 

personalized intervention strategies. This approach enhances ASD screening, supports clinical decision-making, and provides data- 

driven insights into key predictors of ASD. By leveraging AI, our framework offers a scalable and accessible tool for early diagnosis, 

improving outcomes in diverse clinical and non-clinical settings. 

IndexTerms - Autism Spectrum Disorder, Machine Learning, Early Diagnosis, Predictive Modeling, Behavioral Analysis, 

Clinical Data Mining, Personalized Intervention, Multi-modal Data, ASD Severity Prediction, Healthcare AI. 

 

I. INTRODUCTION 

Autism Spectrum Disorder (ASD) is a complex neurodevelopmental condition characterized by challenges in social interaction, 

communication, and repetitive behaviors. Early diagnosis and intervention are critical, as they can significantly improve long-term 

developmental outcomes. However, the current diagnostic process is time-consuming, often subjective, and may vary widely based 

on geographic, clinical, and socioeconomic factors. Delays in diagnosis can hinder timely therapeutic interventions, impacting the 

quality of life for individuals and their families. 

The increasing availability of clinical, behavioral, and genetic datasets has opened the door for the development of data-driven 

diagnostic tools. Machine learning provides a promising pathway for automating and enhancing ASD diagnosis by identifying subtle 

patterns and correlations across diverse data modalities—patterns that may be imperceptible through traditional clinical observation 

alone. With the integration of AI in healthcare, there is growing potential for developing scalable, cost-effective systems that assist 

clinicians in early detection and personalized treatment planning. 

This project aims to develop a predictive system that can support early and accurate identification of Autism Spectrum Disorder 

using machine learning models trained on structured and semi-structured data. By leveraging relevant features such as developmental 

history, behavioral assessments, and clinical records, the system seeks to offer decision support for clinicians, caregivers, and health 

professionals. 

Accurate ASD prediction systems can bring transformative benefits: 

● Clinicians: Gain decision support for early diagnosis and prognosis assessment. 

● Parents/Caregivers: Receive timely guidance and access to early intervention services. 

● Researchers: Obtain tools for uncovering new insights into ASD patterns and risk factors. 

● Healthcare Systems: Benefit from resource optimization and reduced diagnostic delays. 

● Policy Makers: Use predictive insights to guide public health strategies and resource allocation. 

The focus of this phase is on building the foundational framework of the model, including data collection, preprocessing, 

exploratory analysis, and initial model development. This report documents the progress of Phase 1, laying the groundwork for 

subsequent refinements in prediction accuracy and deployment readiness. 
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II. EASE OF USE 

The proposed Autism Spectrum Disorder (ASD) prediction system is designed with end-user accessibility, clinical applicability, 

and practical deployment in mind. Once trained, the machine learning models can be embedded within a user-friendly interface that 

allows users—such as clinicians, educators, and caregivers—to input key features including age, behavioral screening results, 

communication patterns, and developmental milestones, and receive an instant, data-driven ASD risk prediction. 

The system is developed to eliminate the need for machine learning expertise or specialized technical skills, making it suitable 

for widespread use across hospitals, schools, community health centers, and remote clinics. Its intuitive design ensures that users 

can obtain actionable insights with minimal input effort, thereby enabling timely and informed decision-making regarding further 

diagnosis or intervention. 

To support integration into healthcare and education systems, the prediction engine is structured as an API, allowing it to be 

embedded into electronic health record systems, screening tools, or mobile health applications. This real-time accessibility ensures 

flexibility and scalability, particularly in under-resourced or rural settings where access to trained specialists may be limited. 

The model's adaptability ensures that it can be retrained seamlessly as new data becomes available, improving diagnostic accuracy 

over time and ensuring relevance to evolving diagnostic criteria. To support both rapid deployment and high performance, 

lightweight models such as Logistic Regression are considered for low-power devices, while more complex algorithms like Random 

Forest and XGBoost are used in clinical environments to maximize accuracy. 

In addition to prediction, the system emphasizes interpretability by highlighting influential features behind each prediction. This 

transparency helps build trust with users and offers valuable insights into the individual’s behavioral or developmental profile. 

Prepare Your Paper Before Styling 

Before finalizing the structure and formatting of the paper, significant emphasis was placed on ensuring the completeness, clarity, 

and accuracy of the content. The initial phase of the project involved gathering and organizing raw multi-modal data from credible 

sources such as publicly available ASD datasets, behavioral screening tools (e.g., M-CHAT, ADOS), and clinical records where 

available. These datasets included key features such as age, gender, communication skills, motor development, parental concerns, 

social behavior, and in some cases, genetic markers. 

The preprocessing phase was critical in ensuring data integrity. It involved identifying and handling missing or incomplete 

values, resolving inconsistencies, normalizing numerical attributes, and encoding categorical variables such as gender and screening 

responses. Where necessary, outliers were removed or capped to reduce skewness in the data. Particular attention was given to 

balancing the dataset to address class imbalance, a common issue in medical datasets, using techniques like SMOTE (Synthetic 

Minority Over-sampling Technique). 

The core model development process explored multiple classification algorithms. Logistic Regression was initially used as a 

baseline due to its interpretability and low computational cost. More advanced models, including Random Forest and XGBoost, 

were employed to handle complex, non-linear relationships in the data and to improve prediction performance. The models were 

evaluated using standard classification metrics such as Accuracy, Precision, Recall, F1-Score, and the Area Under the ROC Curve 

(AUC-ROC) during k-fold cross-validation to ensure robustness. 

Only after completing all stages of data preprocessing, model training, and evaluation was the paper formatted according to 

IEEE guidelines. Content was structured logically across well-defined sections including Introduction, Related Work, Methodology, 

Experimental Results, and Conclusion. Figures, tables, and references were added to enhance clarity and technical precision. The 

final manuscript underwent multiple rounds of proofreading to eliminate typographical and grammatical errors and to ensure 

academic rigor and readability. 

2. Abbreviations and Acronyms 

Define abbreviations and acronyms the first time they are used in the text, even if they have already been defined in the abstract. 

Common abbreviations such as IEEE, SI, and units of measurement (e.g., kg, cm, and ml) do not need to be defined. Do not use 

abbreviations in the paper title or section headings unless absolutely necessary. 
In this paper, the following abbreviations and acronyms are used: 

● ASD – Autism Spectrum Disorder 

● ML – Machine Learning 

● AI – Artificial Intelligence 

● SVM – Support Vector Machine 

● RF – Random Forest 

● XGBoost – Extreme Gradient Boosting 

● ANN – Artificial Neural Network 

● ROC – Receiver Operating Characteristic 

● AUC – Area Under the Curve 

● F1 – F1-Score (Harmonic Mean of Precision and Recall) 

● TPR – True Positive Rate 

● FPR – False Positive Rate 

● SMOTE – Synthetic Minority Over-sampling Technique 

● CSV – Comma-Separated Values 

● GUI – Graphical User Interface 

● EHR – Electronic Health Record 

● ADOS – Autism Diagnostic Observation Schedule 
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● M-CHAT – Modified Checklist for Autism in Toddlers 

RESEARCH METHODOLOGY 

This section outlines the methodology adopted to develop a machine learning-based predictive model for the early detection 

of Autism Spectrum Disorder (ASD). It covers the universe and sample of the study, data sources, theoretical framework, and the 

statistical and machine learning tools employed for data analysis and model development. 
3.1 Population and Sample 

The population of this study comprises individuals, primarily children and young adults, who may exhibit traits associated 

with Autism Spectrum Disorder (ASD). This includes individuals assessed through standardized screening tools, clinical 

evaluations, or behavioral questionnaires. The population is defined by subjects represented in publicly available datasets that 

capture neurodevelopmental, behavioral, and demographic features relevant to ASD diagnosis. 

From this population, a representative sample of approximately 3,000 instances was selected from well-known, publicly accessible 

datasets, such as the Autism Screening Adult and Children Datasets (hosted on UCI Machine Learning Repository), the Toddler 

Autism Dataset, and additional anonymized clinical records where available. These datasets contain responses to screening 

questionnaires like M-CHAT and ADOS, as well as key attributes such as age, gender, family history, social interaction metrics, 

and communication behaviors. 

The sampling strategy ensured inclusion of both ASD-positive and ASD-negative cases to support supervised binary classification. 

Cases with missing or contradictory labels or insufficient input data were excluded. The resulting sample is balanced in terms of 

gender and age group distribution where possible, and preprocessing methods such as SMOTE were applied to address any residual 

class imbalance. The data used is cross-sectional and reflects assessments conducted within the last five years, ensuring the relevance 

of behavioral trends and diagnostic criteria aligned with contemporary clinical standards. 

3.2 Data and Sources of Data 

The study utilizes secondary data obtained from publicly available clinical and behavioral datasets. These datasets were 

accessed from reputable sources like the UCI Machine Learning Repository, the Autism Speaks organization, and other clinical 

research repositories. Data was collected over a period of six months in 2024 to ensure the inclusion of recent trends and 

developments in ASD screening and diagnosis. 
Key features extracted from the datasets include: 

● Age (e.g., 3-5 years, 6-10 years) 

● Gender (Male, Female) 

● Family History of ASD (Yes, No) 

● Behavioral Symptoms (e.g., social interaction issues, communication challenges) 

● M-CHAT Score (Modified Checklist for Autism in Toddlers) 

● ADOS Score (Autism Diagnostic Observation Schedule) 

● Developmental Milestones (e.g., walking, talking) 

● Other Medical Conditions (e.g., ADHD, learning disabilities) 

● Screening Method (e.g., questionnaire, clinical evaluation) 

Additional contextual data, such as socioeconomic status and educational background, were optionally integrated from external 

sources, such as national health surveys or pediatric databases. To ensure the quality of the data, it was preprocessed to handle 

missing values, correct inconsistencies, and normalize features for uniformity. Feature engineering techniques were also employed 

to generate new variables, such as age-specific developmental milestones or symptom severity scores. 
3.3 Theoretical framework 

The objective of this study is to develop predictive models that can accurately detect the likelihood of Autism Spectrum 

Disorder (ASD) based on behavioral, demographic, and clinical features. The dependent variable is the ASD diagnosis (binary: 

ASD or non-ASD), while the independent variables include: 

● Age (numerical) 

● Gender (categorical) 

● Family History of ASD (binary: Yes/No) 

● Behavioral Symptoms (numerical or categorical, e.g., social interaction issues, communication delays) 

● Screening Scores (e.g., M-CHAT score, ADOS score; numerical) 

● Developmental Milestones (categorical: achieved/not achieved) 

● Other Medical Conditions (e.g., ADHD, sensory processing issues; categorical) 

● Social Interaction Metrics (e.g., eye contact, imitation behavior; numerical) 

The relationship between the presence of ASD and these features is assumed to be non-linear and complex, which justifies the use 

of advanced machine learning algorithms such as Random Forest, XGBoost, and Support Vector Machines. These models are better 

suited to capture the intricate patterns within the data that might not be evident through traditional linear methods. 

 

3.4 Statistical tools and econometric models 

This section outlines the statistical and machine learning techniques employed to analyze the dataset and draw inferences 

regarding the prediction of Autism Spectrum Disorder (ASD). The following models and tools were used: 
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a) Descriptive Statistics 
Descriptive statistics were initially applied to understand the basic characteristics of the dataset, including central tendency 

(mean, median) and dispersion (standard deviation, interquartile range). These metrics provided an understanding of the 

distribution of key features such as age, M-CHAT scores, and behavioral symptom severity. 

b) Exploratory Data Analysis (EDA) 

EDA was performed to detect patterns, trends, and relationships within the data, utilizing correlation matrices, pair plots, 

and distribution graphs. This helped identify which variables exhibited strong associations with ASD diagnosis. 
c) Logistic Regression 

Logistic regression was employed as the baseline model for binary classification (ASD vs. non-ASD). It helps assess the 

relationship between the categorical and numerical predictors (e.g., family history, behavioral symptoms) and the 

likelihood of an ASD diagnosis. 

d) Random Forest Classifier 
The Random Forest algorithm was used to model complex, non-linear relationships between the features and the ASD 

diagnosis. It is particularly effective in handling high-dimensional datasets and capturing interactions between variables 

without requiring explicit feature engineering. 

e) XGBoost (Extreme Gradient Boosting) 
XGBoost, a powerful gradient boosting algorithm, was utilized for its superior handling of imbalanced datasets and its 

ability to capture intricate patterns within the data. It also helps to improve model interpretability and accuracy through 

techniques like feature importance ranking. 
f) Support Vector Machine (SVM) 

SVM was explored for its potential to classify high-dimensional data by finding an optimal hyperplane. This model is 

particularly suitable for datasets with clear class separations. 

IV. RESULTS AND DISCUSSION 

 

4.1 Results of Descriptive Statics of Study Variables 

Table 4.1: Descriptive Statics 
 

Variable Minimum Maximum Mean 

Std. 
Deviation 

Age 1 18 5.6 3.2 

M-CHAT Score 0 20 8.3 4.5 

ADHD Diagnosis 0(No) 1(Yes) 0.12 0.33 

Social Interaction 
Score 

0 10 5.4 2.1 

Eye Contact 
Frequency 

0 5 2.1 1.2 

Table 4.1 The descriptive statistics show that the data is well spread out, with differences in key features like age, M-CHAT score, 

and social interaction scores. It was found that the M-CHAT score strongly affects the prediction of an ASD diagnosis. Age and 

social interaction also play important roles in recognizing early signs of ASD. 
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